Abstract. The study investigates the possibility of applying texture analysis (TA) for testing Duchenne Muscular Dystrophy (DMD) therapies. The work is based on the Golden Retriever Muscular Dystrophy (GRMD) canine model, in which 3 phases of canine growth and/or dystrophy development are identified: the first phase (0-4 months of age), the second phase (from over 4 to 6 months), and the third phase (from over 6 months to death). Two differentiation problems are posed: (i) the first phase vs. the second phase and (ii) the second phase vs. the third phase. Textural features are derived from T2-weighted Magnetic Resonance Imaging (MRI) images. In total, 37 features provided by 8 different TA methods (statistical, filter-based, and model-based) have been tested. The work focuses on finding such textural features that evolve along with the dog's growth. These features are indicated by means of statistical analyses and eliminated from further investigation, as they may disturb the correct assessment of response to treatment in dystrophy. The relative importance of each remaining feature is then assessed with the use of the Monte Carlo (MC) procedure. Furthermore, feature selection based on the MC procedure is employed to find the optimal subset of age-independent features. Finally, three classifiers are used for evaluating different sets of textural features: Adaptive Boosting (AB), back-propagation Neural Network (NN), and nonlinear Support Vector Machines (SVM). The best subsets of age-independent features ensure 80.0% and 78.5% of correctly identified phases of dystrophy progression, for the first (i) and second (ii) differentiation problem respectively.
Introduction
Duchenne muscular dystrophy (DMD) is a hereditary genetic disorder caused by the absence or reduced expression of dystrophin, a protein that plays a key structural role in muscle fiber function (Guiraud et al., 2015) . The disease is found predominantly in male children and young men, and results in a progressive destruction of all the striated muscles. The affected Dorota Duda individuals usually die by the age of 30, due to respiratory failure (LoMauro et al., 2015) or cardiomyopathy (Spurney, 2011) . So far, many extensive attempts have been made to elaborate therapies for DMD (Salmaninejad et al., 2018; Shieh, 2015) ; however, none of them turned out to be effective enough. For the time being, there is no cure and various healthcare practices can only improve the life expectancy or alleviate the patient's suffering (Birnkrant et al., 2018a (Birnkrant et al., , 2018b . In view of the above, the search for an efficient DMD therapy is continually of vital interest.
An important problem encountered while elaborating therapeutic strategies is the right choice of protocols for the assessment of treatment effects. Seeing that such an assessment must often be made repeatedly over a period of time, the use of invasive procedures, even highly effective ones, is undesirable here. For instance, biopsies for histopathological analysis can alter muscle integrity and weaken the muscles, already damaged by the disease. In turn, other measurement tools, e.g. evaluating motor function, muscle strength, respiratory function or disability, are not entirely satisfactory and sometimes difficult to perform on non-ambulant patients (EMA, 2015) . In this context, great hope is placed in Magnetic Resonance Imaging (MRI) techniques, which are non-invasive and can provide relevant information about the stage of neuromuscular disorders (Finanger et al., 2012) . Nevertheless, as a proper interpretation of image content is not a trivial task, muscle imaging is still used as complementary to clinical and electrophysiological examination in neuromuscular disease (Simon et al., 2016) . Its role could be increased by using (semi)automated computer-aided methods for the analysis and interpretation of muscle images. Those based on texture analysis (TA) seem to be particularly promising Lerski et al., 2015) .
Some works assessing the possibility of applying texture analysis for muscular (dystrophic) tissue characterization have already been undertaken, using different animal models, dogs-or mice-based. They focused either on differentiation between groups of healthy and dystrophic muscles at several stages of animal growth and/or disease progression Fan et al., 2014; Wang et al., 2013; Yang et al., 2015) , or differentiation among several phases of dystrophy development in affected animals (Duda et al., 2016; Martins-Bach et al., 2015) . These works showed that the use of textural features as tissue descriptors can lead to a relatively high distinguishability of the considered muscle groups (see, for example, the study by Duda et al. (2015) ) and that textural features can demonstrate a better potential, in comparison with other, non-texture-based, MRI biomarkers (Fan et al., 2014; Martins-Bach et al., 2015) . Furthermore, they allowed to determine which texture analysis methods can provide the most useful information, in terms of the considered discrimination process. In general, highly effective features turned out to be those derived from the co-occurrence matrices (Haralick et al., 1973) , the run-length matrices (Galloway, 1975) , the gray level difference matrices (Weszka et al., 1976) , or the gray level histogram.
It should be noted that evolution of muscle texture properties over time could result from (at least) two processes taking place simultaneously: the individual's growth and disease progression. However, the afore-cited works did not evaluate how each of these two processes influences the characteristics of muscle texture separately. If a textural feature varied significantly form one dystrophy phase to another, or if its values were significantly different for healthy and affected animals, the feature was considered as "potentially useful" in the differentiation between the examined muscle classes. It was not estimated whether or how the feature value depended on the animal's age itself, while differentiating among several phases of dystrophy development (progressing with age) in affected animals. If texture analysis was to be used to test the therapy's effects, special attention should be paid to features whose value evolves along with the individual's growth. Ignoring such an evolution could alter the correct assessment of dystrophy progression or its response to treatment. On the other hand, constructing a tool for therapy assessment based on age-dependent features could be difficult if it is not known how slowing down the disease can influence the summary changes in feature values.
The first objective of the present study is to evaluate which textural features may significantly change with the individual's growth. Such features are indicated by means of statistical analyses and eliminated from further investigation. The second objective is to measure the relative importance of each remaining (age-independent) feature in identifying the dystrophy phase. This task is accomplished by applying the modified Monte Carlo (MC) procedure. Furthermore, the study assesses the best possible differentiation of dystrophy phases that could be achieved solely with the use of features that do not depend on the individual's age. At this stage, apart from the whole set of age-independent features, its different subsets, found based on the modified Monte Carlo procedure, are also examined. The subsets are tested with the use of three classifiers: the Adaptive Boosting -AdaBoostM1 (AB), the back-propagation Neural Network (NN), and nonlinear Support Vector Machines (SVM).
The study is based on the Golden Retriever Muscular Dystrophy (GRMD) canine model, which is acknowledged to be the closest to hu-man DMD and commonly used in research on dystrophy progression or therapy trials (Kornegay, 2017 ). In the model, three phases of canine growth and/or dystrophy development are distinguished, in reference to histological changes in muscle structure, caused by disease progression : the first phase (0-4 months of age), the second phase (from over 4 to 6 months), and the third phase (from over 6 months to death). Due to the fact that it is still relatively difficult to differentiate among the three considered dystrophy phases (Duda et al., 2016) , this preliminary work focuses on two-class classification problems, distinguishing only between adjacent phases: (i) the first phase vs. the second phase and (ii) the second phase vs. the third one. Textural features are derived from T2-weighted MRI images of canine hindlimb muscles. In total, 37 features obtained with eight different TA methods (statistical, filter-based, and model-based) are tested.
Materials and Methods
Four experiments were planned and carried out separately for each differentiation problem, i.e. for (i) the first phase vs. the second phase and (ii) the second phase vs. the third phase. The objective of the first (preliminary) experiment was to determine whether it was at all possible to distinguish among healthy dogs at different phases of their growth. At this step, all the possible textural features (37 in total) were used. In the second experiment, only healthy dogs were considered and statistical analyses were performed in order to find the features whose values could evolve along with the dog's growth. Such features were excluded from further analyses. In the third experiment, one concerning dystrophic dogs, the relative importance (in terms of the discrimination process) of each remaining feature was evaluated and feature selection was performed to find optimal subsets of age-independent features. Finally, in the fourth experiment, different classifiers were used to examine which subsets of age-independent features can ensure the best possible identification of the dystrophy phase in GRMD dogs. The results obtained at this step were compared to those corresponding to the use of all the initially tested features (age-dependent and age-independent put together).
Creation of the Data Base. The experiments were conducted on a total of 422 T2-weighted MRI images, derived from five GRMD dogs and five healthy controls. The dogs were bred in a dedicated gene therapy facility at the National Veterinary School of Alfort, France and were imaged at the Nuclear Magnetic Resonance Laboratory of the Institute of Myology in Paris, France. All the procedures applied to the dogs during the course of the trial were carried out in conformity with the Guide for the Care and Use of Laboratory Animals (National Research Council, 2011) and approved by the Institutional Animal Use and Care Committee, respecting the European legislation on laboratory animals and animal studies.
All the details concerning the acquisition protocols were fully described by Thibaud et al. (2012) . According to their specification, images were acquired on a 3T Siemens Magnetom Trio TIM imager/spectrometer (Siemens Healthcare, Erlangen, Germany) with a standard, circularly polarized extremity coil. The in-plane resolution was 0.56 mm × 0.56 mm, the slice thickness was 3 mm, and the inter-slice gap was 7.5 mm. The slice orientation was axial with respect to the long axis of the muscle. As for the considered series of T2-weighted images, the repetition time (TR) was 3,000 ms, the first echo time (TE1) and the second echo time (TE2) were, respectively, 6.3 ms and 50 ms. The size of all images was 240 × 320 pixels.
For each dog, between 3 and 5 examinations were performed over a maximum of 14 months, which amounted to 38 examinations in total. For the needs of the present study, each examination was assigned to one of the three considered phases of canine growth and/or dystrophy development. This attribution was based on the age of the dog at the time of examination. It was assumed that both the dog's development and the course of the disease were fairly similar across different dogs. In total, 14, 9, and 15 examinations were assigned to the first, second and third phase, respectively. The exact examination moments, with respect to the dog's age, are marked for each dog in Table 1 .
Only one series of T2-weighted images per examination was selected for the study. Each series contained between 12 and 14 images. A small number of images located at the very beginning or end of the series were not considered because it was impossible to identify any quite large and well visible muscle areas on them. On the remaining images, up to four different types of muscles were segmented: the Extensor Digitorum Longus (EDL), the Gastrocnemius Lateralis (GasLat), the Gastrocnemius Medialis (GasMed), and the Tibial Cranialis (TC). If a given muscle was visualized in the image, two Regions of Interest (ROIs) were designated for it, one for each limb -left and right. Only ROIs with the size of at least 100 pixels were considered suitable for analysis. Figure 1 shows two sample T2-weighted MRI images, used in the experiments. The images were acquired on one GRMD dog (the left one) and one healthy control (the right one), at the age of 8 months. Delineated ROIs cover the four types of muscles considered in the study: EDL, GasLat, GasMed, and TC. Tables 2 and 3 contain, respectively, the numbers of corresponding ROIs and the average ROIs' sizes given separately for each cohort type (GRMD, healthy), each muscle, and each phase of canine growth and/or disease development.
As the average pixel value of the reference object (placed in the image view) varied significantly between different images, even those belonging to the same series, images had to be pre-processed. The pre-processing consisted in linear transformation of image pixel values, so that the reference object was of the same average pixel value on all the resulting images. After completing the procedure, the images were converted from the initial Analyze format to the 8-bit BMP format. In the course of the conversion, only a part of the full range of the initial pixel values from Analyze images (so-called Window) was mapped to a range of 0 to 255 gray levels in the resulting BMP images. The Window parameter was chosen so as to cover only the full range of pixel values observed in the whole set of the available ROIs. The original pixel values below the lower and above the upper limit of Window were transformed to 0 and 255, respectively. This allowed to obtain the maximum diversity of pixel gray levels in the analyzed ROIs. Then, eight different texture analysis methods (statistical, filter-based, and model-based) were applied in order to characterize the muscular tissue within each ROI. They were implemented in the homemade application Medical Image Processing (Duda, 2009 ). In total, 37 textural features were calculated:
-Avg (average), Var (variance), Skew (skewness), and Kurt (kurtosis) -first order statistics (abbreviated FOS), obtained from a gray level histogram, -AngSecMom (angular second moment or energy), Contrast (contrast or inertia), Corr (correlation), SumSqr (sum of squares or variance), InvDiffMom (inverse difference moment or local homogeneity), SumAvg (sum average), SumVar (sum variance), SumEntr (sum entropy), Entr (entropy), DiffVar (difference variance), and DiffEntr (difference entropy), from the co-occurrence matrices (COM) introduced by Haralick et al. (1973) , -ShortEmph (short run emphasis), LongEmph (long run emphasis), GlNonUni (gray level non-uniformity), RlNonUni (run length nonuniformity), Fraction (fraction of image in runs), LowGlrEmph (low gray level runs emphasis), HighGlrEmph (high gray level runs emphasis), and RlEntr (run length entropy), from the run length matrices (RLM), a set of features proposed by Galloway (1975) , then extended by Chu et al. (1990) and Albregtsen et al. (2000) , -GldmAngSecMom (angular second moment), GldmEntr (entropy), and GldmMean (mean), form the gray level difference matrices (GLDM) (Weszka et al., 1976) , -EntrE3L3, EntrS3L3, EntrS3E3, EntrE3E3, EntrS3S3 -entropy of an image region filtered, respectively, with the following pairs of Laws' masks: E3L3 and L3E3, S3L3 and L3S3, S3E3 and E3S3, E3E3 and E3E3, and S3S3 and S3S3 (LTE) (Laws, 1980) , -GradAvg (average), GradVar (variance), GradSkew (skewness), and GradKurt (kurtosis), from the gradient matrix (GM) (Lerski et al., 1993) , -FractalDim -fractal dimension based on the fractional Brownian motion model (FB) described by Chen et al. (1998) , -AutoCorr -normalized autocorrelation coefficient (AC) (Gonzalez & Woods, 2002) . Four standard directions of pixel runs (0
• , 90
• , and 135
• ) were considered when applying the COM, RLM, GLDM, FB, and AC methods. Since many ROIs were rather narrow and of an irregular shape, only the smallest possible distances between pairs of pixels (1 and 2) were taken into account for the COM, GLDM, FB and AC methods. In fact, with the use of larger distances, a rather considerable number of ROIs would have to be excluded from the analysis. This would have been undesirable due to the limited size of the available data set. Moreover, for the COM, RLM and GLDM methods, the number of gray levels was reduced from 256 to 64, due to the fact that such a reduction proved to be the most advantageous, leading to the best classification results (Duda et al., 2016) .
The co-occurrence matrices, run length matrices, and gray level difference matrices were constructed separately for each possible direction of pixel runs and (if applicable) for each of the two considered distances between pairs of pixels. Features calculated at different directions and/or distances were averaged.
Statistical Analysis. The statistical analyses concerned only those features that were obtained from healthy dogs. They were performed for each feature separately, in order to determine whether the differences in the feature values observed between two compared phases of canine growth were statistically significant. The following pairs of phases were considered: (i) the first and the second phase and (ii) the second and the third phase.
The choice of appropriate statistical tests turned out to be a non-trivial task. An important property of the database was that it contained images acquired repeatedly on the same individuals, at different moments of their lives. Effectively, the values of a feature derived from several examinations of the same individual might be related one to another. However, the use of tests for dependent variables became problematic due to the fact that each individual was examined a different number of times and at different ages, within the same phase of its growth. Furthermore, the numbers of ROIs (from which the features were calculated) varied from one examination to another. Finally, ROIs designated for each examination corresponded to several different slice locations within a given muscle. In this case, it was not possible to create triples of feature values (or n-tuples, with n > 3) in which values at a given position would correspond to the same conditions of measurement: the same moment of an individual's life and the same image slice. Therefore, only information about the phase attributed to each value of feature was used. As the aim of this preliminary study was to find the features whose values might generally differ between phases of growth, regardless of the individual taken into account, the best possible solution seemed to be performing such tests as for independent samples.
In all the cases, the standard significance level (α = 0.05) was used. First, the Shapiro-Wilk test was used to determine whether each of the two compared samples of feature values followed the normal distribution. If both samples met this condition, the T-test was applied to check if the mean values of two samples were statistically different from each other, at a significance level of 0.05. Otherwise (if at least one of the samples did not meet this condition), the Mann-Whitney U-test was used to check the above. All the statistical analyses were performed with Statistica software, version 13.1 (StatSoft, Inc., 2016).
Assessing the Relative Importance of Feature, Selection of Features, and Classification. The relative importance (usefulness) of each textural feature in identifying the phase of dystrophy in GRMD dogs was assessed using the Monte Carlo procedure, initially described by Dramiński et al. (2008) . Its modified version, used in this study, was proposed by Duda et al. (2016) and consisted in multiple repetitions of a single selection procedure, run on a "truncated" data set. Such data set was created by a random choice of 2/3 initial observations and no more than 20% of the initially used features (6 features were always chosen here). A single selection procedure was repeated 250,000 times, each time with a different subset of observations and features, and was based on the best-first strategy with the forward search algorithm. During this process, a supervised, wrapper method (Kohavi & John, 1997 ) combined with C4.5 tree (Quinlan, 1993) and 10-fold cross-validation was applied for the evaluation of each candidate subset of features.
After completing the entire MC selection procedure, the "incidence frequency rate" (IFR, the ratio between the number of cases in which the feature was selected and the number of times it occurred in the subsets of randomly chosen features in truncated data sets) was calculated for each feature and was considered as a determinant of feature usefulness. The features were then ranked according to their IFR values (from the most to the least selected) and different numbers of the top ranked features were tested. The subset of features ensuring the best identification of the dystrophy phase was finally assumed as optimal.
All the selection procedures were performed with Weka software (Hall et al., 2009) . Additional tools for generating truncated data sets in the modified MC procedure and creating feature incidence frequency rankings were implemented by the author in C++ language.
The usefulness of each of the obtained subsets of textural features (composed of: all tested features, all age-independent features, and features selected from among the age-independent ones) was assessed on the basis of the classification accuracy that the subset could ensure. Classification experiments were also performed with Weka. At this step, the following classifiers were separately used:
-Ensemble of Classifiers with an Adaptive Boosting voting schemeAdaBoostM1 (AB) (Freund & Schapire, 1997) using C4.5 classifier as the underlying algorithm, -back-propagation Neural Network (NN) (Bishop, 1995) with a sigmoidal activating function and one hidden layer wherein the number of neurons was equal to the average value of the number of features and the number of classes, -Support Vector Machines (SVM) (Vapnik, 2000) using the Sequential Minimal Optimization (SMO) algorithm (Platt, 1998 ) and a seconddegree polynomial kernel. Classification accuracies were assessed using 10-fold cross-validation, repeated 10 times. Each time, 100 partial results were averaged.
Results and Discussion
All the experiments were repeated separately for each of the considered types of muscles: EDL, GasLat, GasMed, and TC.
Differentiation Between Phases of Growth in Healthy Dogs.
The classification accuracies (with standard deviation) for the preliminary experiment are presented in Table 4 , separately for each classifier, i.e. Adaptive Boosting, Neural Network, and Support Vector Machines. Moreover, Table 4 contains (for comparison purposes) the classification results obtained when phases of dystrophy development in GRMD dogs were differentiated with all the possible features.
It could be observed that the percentage of correctly identified phases of canine growth in healthy dogs is quite high, exceeding 84% for both the differentiation problems, i.e. (i) and (ii). This suggests that there may exist features that evolve with the dog's growth and that their differences between the adjacent phases may possibly be so large as to enable the correct identification of the dog's age. When comparing the results provided by the same classifier, for the same differentiation problem, and for the same type of muscle, it could be noticed that differentiation between phases of canine growth in healthy dogs is often more pronounced than differentiation between dystrophy phases in GRMD dogs (differences reaching up to 9.2% for problem (i) and up to 28.9% for problem (ii)). One could therefore suppose that a good "recognition of dystrophy phase" in GRMD dogs could actually be related to changes in muscles occurring with the dog's growth and not necessarily with dystrophy development. Nevertheless, it is not known if these are the same features that ensure a good recognition of the considered phases in healthy and in GRMD dogs. This justifies the need for further analyses. Table 5 for the first (i) differentiation problem (the first phase vs. the second phase) and in Table 6 -for the second (ii) differentiation problem (the second phase vs. the third phase). For each table, the features with statistically significant differences (α = 0.05) between values in two considered phases of growth in healthy dogs are marked with an em dash ("-"). These were eliminated from further analyses. The remaining features were used in differentiation between phases of dystrophy progression in affected dogs. The corresponding numbers are the frequencies of selections (IFR) in the modified Monte Carlo procedure.
It can be seen that sets of features considered to be dependent on the dog's age are different for each differentiation problem, (i) and (ii) and vary between the four analyzed types of muscles, i.e. EDL, GasLat, GasMed and TC. For example, when the first two phases of the dog's growth were differentiated based on EDL's texture -only 8 features (of the 37 tested) showed statistically significant differences between phases. However, when distinguishing between the second and third phase, based on the same muscle, as many as 20 features demonstrated significant differences. Only 3 features belonged to the common part of the aforementioned feature sets. In turn, TC muscle provided 24 and 7 textural features differing from one phase to another, respectively for the first (i) and the second (ii) differentiation problem. The obtained results suggest that some features can only evolve from the dog's birth to a certain moment of its life, while other features begin to change only after the dog reaches a certain age. Moreover, they indicate that the texture of each muscle type in a given phase of the dog's growth can have different properties. Therefore, it would not be advisable to process all muscles at a time, ignoring their type.
Finally, it can be noted that many textural features identified in the referenced works as "potentially useful" for the characterization of dystrophy development turned out to be age-dependent and thus were designated for elimination. In some cases, this concerned as many as over half the number of COM-, RLM-, and GLDM-based features (see, for example, the results for GasMed and TC muscles in the first differentiation problem (Table 5) or GasMed muscle in the second differentiation problem (Table 6) ). As for the remaining (age-independent) COM-, or RLM-based features, they still demonstrated their usefulness, being quite frequently selected by the modified MC procedure. Depending on the differentiation problem, other features were also present in the selected subsets of features, e.g. FOS -for problem (i) or LTE-based -for problem (ii). 
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Classification-Based Evaluation of Different Sets of AgeIndependent Features. At the end, two sets of age-independent features were used for the characterization of dystrophic tissue in the differentiation between the consecutive phases of dystrophy development: (i) the first phase vs. the second phase and (ii) the second phase vs. the third phase. The first set comprised of all the features independent of the dog's age, whereas the second one constituted the best combination of the top-ranked features from the feature incidence frequency ranking created by the MC procedure. Classification accuracies (with standard deviation) obtained with the use of these sets are presented in Table 7 . As in the preliminary experiment, differentiation was performed with the use of three classifiers, i.e. Adaptive Boosting, Neural Network, and Support Vector Machines. First, the results obtained using the whole set of features independent of the dog's age were compared to those obtained using all the 37 features considered in the study (the latter ones could be found in Table 4 ). It could be observed, that the classification accuracies obtained with these two sets do not differ too much. For the first (i) differentiation problem (the first phase vs. the second phase), eliminating features that evolve along with the dog's growth led more often to a slight worsening of the classification accuracies (up to 5.7%), in comparison to the results obtained for the whole set of 37 features. However, in most cases this worsening was not statistically significant at a significance level of 0.05. For the second (ii) differentiation problem (the second phase vs. the third phase), eliminating the age-dependent features very often led to an improvement of classification accuracy, form 0.2% (not statistically significant) to 8.9% (statistically significant at a significance level of 0.05) and the maximum worsening of classification results was 4.8%.
The application of feature selection based on the modified Monte Carlo procedure always resulted in the amelioration of classification results, up to 8.7%, in comparison to results corresponding to the use of all the age-independent features (apart from only one exception -no difference observed). Even if sometimes this amelioration was not statistically significant, a significant reduction in the size of feature sets was at least achieved. It is also with the MC strategy, that the best overall classification result with age-independent features was observed, both for the first and for the second differentiation problem -respectively 80.0% and 78.5% of correctly identified phases of dystrophy progression (always with the SVM classifier and for EDL muscle). Such results are inferior to these obtained with all the 37 features tested (dependent on and independent of the dog's age) by, respectively, 1.6% and 1.4%, but these differences are not statistically significant.
Conclusions and Future Work
The study assessed the possibility of applying MRI texture analysis for evaluating Duchenne Muscular Dystrophy therapies. The work was based on the popular Golden Retriever Muscular Dystrophy canine model, in which three phases of canine growth and/or dystrophy development were considered: the first phase (0-4 months of age), the second phase (from over 4 to 6 months), and the third phase (from over 6 months to death). Two differentiation problems were posed, i.e. (i) the first phase vs. the second phase and (ii) the second phase vs. the third phase. The main objective of the work was to investigate which of the commonly used textural features can evolve as the dog grows. It was assumed that the use of such features could alter the right assessment of dystrophy progression or its response to treatment. In total, 37 features, derived from T2-weighted images were tested. 8 different TA methods (statistical, filter-based, and model-based) were considered. Experiments were conducted separately for four types of muscles: EDL, GasLat, GasMed, and TC. Statistical tests (the Mann-Whitney U-test and the T-test) were used for finding the age-dependent features. The modified Monte Carlo procedure was used on the remaining features in order to find the best set of features independent of the dog's age. Three classifiers (Adaptive Boosting, Neural Network, Support Vector Machines) were finally applied for the evaluation of different sets of tested features.
The experiments showed that there exists a relatively large group of textural features whose values change with the growth of the dog. Many of them only evolve over a certain period of the dog's life (at the transition from the first phase to the second phase, or from the second phase to the third phase). Such features were eliminated from further investigation (a separate set for each differentiation problem). It was found that with proper selection of features (from among the features independent of the dog's age) the classification qualities in the identification of dystrophy phases in GRMD dogs do not differ significantly from the results obtained for all the 37 features tested. The subsets of features obtained with the modified MC procedure ensured 80.0% and 78.5% of correctly identified phases of dystrophy progression, respectively for the first (i) and second (ii) differentiation problem. These results were obtained using the SVM classifier, for the EDL muscle.
The approach adapted in the present study, consisting in the elimination of features evolving with the dog's growth, could be a satisfactory solution only for the problem of differentiating between the adjacent phases of dystrophy. However, it might not be a good enough concept in a situation when more than two phases of dystrophy progression are to be identified. In fact, the sets of features whose values differ significantly among the three phases of growth in healthy dogs were relatively small, regardless of muscle type. A reasonable idea would be to build a model describing the differences between feature evolution with the dog's growth and dystrophy progression. However, testing such a model could turn out to be difficult if it is not known how slowing down the disease may affect the summary evolution of each feature.
In the future, if texture analysis were to be applied to test therapeutic effects, experiments should undoubtedly be done on a much larger data set.
The use of other MRI series (such as T1-weighted ones) should also be considered. It would be desirable to include more textural features in analyses, especially model-or filter-based. Taking into account the fact that features evolve in different ways for each type of muscle, a reasonable idea would be to treat different types of muscles simultaneously. Finally, other methods can be applied for assessing the usefulness of features in testing the effects of a therapy (indicating the features that may evolve with the dog's growth), e.g. based on the feature incidence frequency rate in the MC procedure while the dog's age is identified.
